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ABSTRACT

ARTICLE HISTORY

We introduce an analytical framework for analyzing tweets to (1) identify
and categorize ﬁne-grained details about a disaster such as aﬀected
individuals, damaged infrastructure and disrupted services; (2)
distinguish impact areas and time periods, and relative prominence of
each category of disaster-related information across space and time. We
ﬁrst identify disaster-related tweets by generating a human-labeled
training dataset and experimenting a series of deep learning and
machine learning methods for a binary classiﬁcation of disasterrelatedness. We employ LSTM (Long Short-Term Memory) networks for
the classiﬁcation task because LSTM networks outperform other
methods by considering the whole text structure using long-term
semantic word and feature dependencies. Second, we employ an
unsupervised multi-label classiﬁcation of tweets using Latent Dirichlet
Allocation (LDA), and identify latent categories of tweets such as
aﬀected individuals and disrupted services. Third, we employ spatiallyadaptive kernel smoothing and density-based spatial clustering to
identify the relative prominence and impact areas for each information
category, respectively. Using Hurricane Irma as a case study, we analyze
over 500 million keyword-based and geo-located collection of tweets
before, during and after the disaster. Our results highlight potential
areas with high density of aﬀected individuals and infrastructure
damage throughout the temporal progression of the disaster.
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1. Introduction
Recent advancements in the spatio-temporal analysis of big data and the extensive use of social
media data during crisis situations enable extraction of site-speciﬁc information for environmental
monitoring (Demir et al. 2015) and disaster management (Li et al. 2018). Such information is
invaluable in every stage of disaster management including preparedness, response and recovery
(Krajewski et al. 2017). Locations of emergency situations and damage can be captured through
social sensors or individuals who generate and diﬀuse eyewitness information and enable situational awareness using social media platforms. Social sensing and multi-sourced analysis of disaster
information have been successfully employed to evaluate the impact of disasters by many researchers (Cervone et al. 2016; De Albuquerque et al. 2015; Feng and Sester 2018; Huang, Cervone, and
Zhang 2017; Li et al. 2018; Restrepo-Estrada et al. 2018). Due to the noise in social media data, and
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the locational and contextual uncertainty of shared information, it is challenging to extract useful
and actionable information generated by citizen sensors in real-time or in the aftermath of an event
when an analysis is done retrospectively to coordinate recovery eﬀorts.
Despite the signiﬁcant advancements in deep learning and machine learning methods, previous
researchers (Burel et al. 2017; Nguyen et al. 2016; Olteanu et al. 2014) have reported lower performance for classifying ﬁne-grained details of information such as aﬀected individuals, donations and
support, and sympathy and prayers from social media data. The challenge for classifying social
media messages have often been attributed to the noise in the data, conﬂicting annotation done
by online workers and volunteers, and the multi-label problem, which a tweet can belong to multiple
categories (Nguyen et al. 2016). Moreover, there is a critical need for improving the classiﬁcation of
ﬁne-grained details on disaster-relevant information by taking into account the whereabouts and
timing of messages sent through social media.
In this article, we introduce an analytical framework that integrates a two-step classiﬁcation
approach with spatial analysis to (1) identify and categorize ﬁne-grained details about a disaster
such as aﬀected individuals, damaged infrastructure and disrupted services from tweets (2) distinguish impact areas and time periods, and relative prominence of each category of disasterrelated information across space and time. Our analytical framework consists of the following
steps. Using Hurricane Irma as a case study, we ﬁrst develop a context-speciﬁc training dataset
by manually labeling 20,000 (5%) keyword-based and geo-located corpus of tweets generated
before, during and after Hurricane Irma in its impact area. After generating the training dataset,
we conduct a classiﬁcation experiment using a series of classiﬁcation methods including linear classiﬁers such as Logistic Regression, Linear Support Vector Machines (SVM) and Ridge, deep learning and machine learning methods such as Convolutional Neural Networks (CNNs) and Long
Short-Term Memory (LSTM) Networks. We employ LSTM networks for the classiﬁcation task
because LSTM networks outperform other methods by taking into account the order of words
and the whole text structure using long-term semantic word and feature dependencies. Our training data and the experiments on classiﬁcation methods provide valuable input for future studies
that aim to classify tweets about hurricanes in real-time and retrospectively. Diﬀerent from the
supervised methods that classify the type of tweets using predetermined categories, we employ
Latent Dirichlet Allocation (LDA) after the binary classiﬁcation of disaster-related tweets to extract
the ﬁne-grained categories of information whose target audience is diverse. For example, we identify aﬀected individuals and infrastructure damage category, which targets emergency responders,
rescue missions and utility companies; donations and support category, which targets government
organizations and non-proﬁt institutions for planning recovery and relief eﬀorts; aﬀected individuals and pets category, which targets animal control and shelters; and advice, warning and alerts
category, which targets local governments and FEMA for building and enhancing situational
awareness.
After identifying disaster-related tweets with their information types, we compute a smoothed
rate for each type of information using a spatially-adaptive kernel smoothing method. Ultimately,
smoothed rates allow us to pinpoint areas where there is signiﬁcant impact such as damaged infrastructure, aﬀected individuals and disrupted services, as well as areas and time periods where other
types of information such as advice and caution, donations and support, and sympathy and prayers
are more prominent. In addition to using adaptive kernel smoothing to capture the relative prominence of each category of tweets across geographic space, we employ density-based spatial clustering
with noise (DBSCAN) to identify areas where there is high density of tweets for each category. Diﬀerent from the smoothed surface of probability of each category, DBSCAN allows us to identify the
areas in which the absolute density of tweets that belong to a category is greater than a deﬁned
threshold. Finally, we overlay the spatial and temporal patterns of tweets with rainfall and ﬂood
data to pinpoint potential areas for emergency response and recovery eﬀorts and identify potential
geographic biases in social media usage during the hurricane.
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2. Related work
Previous work analyzing micro-blogging behavior during a crisis situation commonly reported that
shared information varies substantially depending on the type and stage of crisis situations (Kanhabua and Nejdl 2013; Munro and Manning 2012; Olteanu et al. 2014). On the other hand, Olteanu,
Vieweg, and Castillo (2015) found consistencies and commonalities about how people share information during diﬀerent crisis situations after investigating a variety of natural hazards and humaninduced disasters. One of the most common ﬁndings is that public information seeking increases
during crisis situations (Hagen et al. 2017; Nelson, Spence, and Lachlan 2009), and people utilize
social media as a resource to ask for help and coordinate eﬀorts through sharing locational and contextual information (Stefanidis et al. 2013). Social media plays an important role in crisis communication by enabling information dissemination to a wider audience, sending and receiving emergency
alerts, control information diﬀusion, collaborate with emergency responders and create situational
awareness (Lachlan et al. 2016). The utilization of social media in public information seeking has
been evaluated in a variety of disaster events such as the spread of the Zika virus (Hagen et al.
2017), collapsed bridge in Minnesota (Nelson, Spence, and Lachlan 2009), the Mexican drug wars
(Monroy-Hernández et al. 2013), the Arab Spring (Kumar et al. 2013), the Haiti earthquake (Caragea
et al. 2011) and numerous ﬂood events (Kongthon et al. 2012; Kwon and Kang 2016; Maantay,
Maroko, and Culp 2010; Restrepo-Estrada et al. 2018).
Although there have been signiﬁcant advancements in automated event detection in crisis situations, extracting ﬁne-grained event-related information such as aﬀected individuals and damaged
infrastructure remains to be challenging (Burel et al. 2017). In order to improve the event detection,
a number of strategies have been introduced. For example, Zhang, Szabo, and Sheng (2016) analyzed
not only the content and type of information but also the source of information by combining lexical
analysis with user proﬁling. Pekar et al. (2016) found that lexical features help to achieve better precision, while semantic and stylistic features derived from metadata help improve recall. Table 1 summarizes the previous work by three sections: (1) ontologies for classifying disaster-relevant
information from social sensors, (2) classiﬁcation methods to distinguish disaster-related tweets

Table 1. Typologies for disaster-relevant tweets, classiﬁcation methods and overlaying with disaster data.
Ontologies for information type
Aﬀected individuals, post-impact
responses (Liu et al. 2008); caution and
advice, causalities and damage,
donations and support, aﬀected
individuals, and information source
(Imran et al. 2013)
Informative and not informative;
infrastructure and utilities, sympathy
and emotional support, the criticism of
government responses, government
outreach eﬀorts, and political
discussions (Olteanu, Vieweg, and
Castillo 2015).
Linguistic features such as crisis sensitive
features, personal or impersonal
expressions, time-awareness, reciprocal
conversational discourse and word
embedding to identify eye-witness
events (Doggett and Cantarero 2016;
Fang et al. 2016; Li et al. 2018; Zhang,
Szabo, and Sheng 2016); response and
recovery eﬀorts, weather predictions
and videos from eye-witnesses (De
Choudhury, Diakopoulos, and Naaman
2012; Kumar et al. 2013)

Classiﬁcation methods
Content analysis and human-coding
(Kwon and Kang 2016; Lachlan et al.
2016); crowdsourcing (Caragea et al.
2011)
The Bag-of-Words (Bow) approach,
feature abstraction, feature selection,
and the topic-words output of Latent
Dirichlet Allocation (LDA) as alternative
inputs into training Support Vector
Machine (SVM) for content classiﬁcation
(Caragea et al. 2011)
Binary classiﬁcation (e.g. informative or
not informative) and multi-label
classiﬁcation (e.g. type of information
such as aﬀected individuals, damaged
infrastructure and etc.) using
Convolutional Neural Networks (CNNs)
(Burel et al. 2017; Caragea, Silvescu, and
Tapia 2016; Nguyen et al. 2016).

Overlaying with disaster-speciﬁc data
Impact areas of disasters (Acar and
Muraki 2011; Cervone et al. 2016;
Huang, Cervone, and Zhang 2017);
proximity to disaster extent
(Kryvasheyeu et al. 2016; Vieweg et al.
2010)
Hydrological data, digital elevation
models and satellite imagery (De
Albuquerque et al. 2015; Herfort et al.
2014; Li et al. 2018; Schnebele 2013;
Smith et al. 2015)
Food, shelter and evacuation, the
locations of power outages, evacuation
plans, general risk (Spielhofer et al.
2016); warning, preparatory activity,
hazard location, ﬂood level, weather,
wind, visibility, road conditions and
advice, evacuation information,
volunteer information and damage and
injury reports (Vieweg et al. 2010)
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and information categories, (3) studies that integrate location-speciﬁc information with social media
data to guide disaster management.

3. Case study: Hurricane Irma
In September 2017, Hurricane Irma, a Category 5 storm, devastated Caribbean Islands and Florida
with damaging winds, heavy precipitation and ﬂooding. Hurricane region suﬀered from extensive
power outages, loss of lives and infrastructure damage including airports, hospitals and schools.
Many areas have become inhabitable with likely damage of billions of dollars to rebuild the infrastructure. Massive evacuation orders were given aﬀecting millions of people living in the coastal
areas of Florida. Social media was used extensively during the event to disseminate information
and coordinate disaster response and recovery eﬀorts. Agencies used Twitter to post updates
about the trajectory of the hurricane and evacuation information. Social media became an eﬀective
component of relief eﬀorts, extracting eye-witness information, and help develop situational awareness. As compared to other disasters such as earthquakes, wildﬁres and landslides, predictability of
hurricanes allows collecting social sensing data prior to and during the event, which is invaluable for
planning the preparation and emergency response eﬀorts.

4. Methodology
In this article, we introduce an analytical framework to identify, categorize and analyze disasterrelated tweets generated before, during and aftermath of a hurricane. Our overall objective is rather
holistic to capture any useful information that maybe related to the progression of a hurricane
including the preparedness, response and recovery stages. Figure 1 illustrates our analytical

Figure 1. Analytical framework for identifying disaster-related information and impact areas from tweets.
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framework. The ﬁrst phase includes the data collection, sampling design and procedures for training
and test data collection, and classiﬁcation experiments on the training and test sets to evaluate a variety of classiﬁcation methods. The second phase includes a binary classiﬁcation of disaster-related
tweets using LSTM, and a multi-label classiﬁcation of detailed information. By splitting the training
data into training and test sets, we ﬁrst perform an experiment on the performance of classiﬁcation
methods Logistic Regression, Linear SVM, Ridge, CNN and LSTM on the binary classiﬁcation of disaster-related information. Based on the evaluation results and LSTM’s conceptual ﬁt to the sequential order of textual data, we choose LSTM to classify the rest of the dataset into related and unrelated
tweets. Next, we extract detailed categories of information on disaster-relevant tweets such as
aﬀected individuals, advice and warnings, and prayers and support from tweets using an unsupervised topic modeling approach. We then employ spatially-adaptive kernel smoothing and densitybased spatial clustering to identify the relative prominence and impact areas for each information
category, respectively. Finally, we overlay the spatial and temporal patterns of categorized tweets
with rainfall and ﬂood data to pinpoint potential areas for emergency response and recovery
eﬀorts and identify geographic biases in social media usage during the hurricane.
4.1. Data collection, training sampling design and modeling
In this study, we used three collections of Twitter data collected by Twitter’s Streaming API. The ﬁrst
dataset was collected using 11 hurricane-related keywords: ‘ﬂood’, ‘irma’, ‘hurricaneirma’, ‘irmahurricane’, ‘irma2017’, ‘hurricane’, ‘damage’, ‘storm’, ‘rain’, ‘disaster’, ‘emergency’ in order to derive any
tweet related to the disaster event. Although we did not use a statistical method to identify keywords
that were mentioned statistically more during the disaster (Huang et al. 2018), we continuously
updated our keywords using the most frequent hashtags throughout the disaster. We collected the
second dataset using a spatial bounding box that covers the impact area of Irma in order to obtain
geo-located tweets before, during and aftermath of the disaster. Both the ﬁrst and second dataset
include tweets from the time period beginning on 1 September 2017 and ending on 15 October
2017. Finally, we used a third dataset of randomly selected geo-located tweets from the Continental
United States between the dates May 2017 and January 2018. We used the third dataset to incorporate noise in the training data collection. We picked random tweets from the third dataset to introduce the classiﬁcation models noise to enhance the learning and prevent overﬁtting caused by the
tweets from the study period. Combined database of the three datasets contained 756,913,748 tweets
before processing and ﬁltering. The keyword-based collection consisted of 64,266,068 tweets, in
which 99% of these tweets have geo-location at least at the state level. About 64% of these tweets
were retweets.
We included randomly selected geo-located tweets from the third dataset in the training sample
without any ﬁltering. On the other hand, we applied the following procedures to the ﬁrst and the
second dataset prior to the classiﬁcation. We removed (1) retweets; (2) duplicated tweets by their
tweet ids; (3) geo-located tweets from the second dataset that do not contain the predetermined
set of keywords, which we derived from the list of keywords from the ﬁrst dataset (Table 2); (4) tweets
Table 2. Top 26 keyword counts in the raw dataset.
Keyword

Frequency

Hashtag

Frequency

rain
hurricane
ﬂood
storm
irma
disaster
emergency
damage
#hurricane

20,491,588
19,897,133
13,489,668
11,340,708
10,127,435
5,890,874
5,514,237
5,179,521
56,389

#rain
#irma
#ﬂood
hurricaneirma
#emergency
#storm
#hurricaneirma
hurricaneharvey
irma2017

47,235
37,918
20,821
20,149
19,972
19,289
15,638
10,718
8727

#hurricaneharvey
#disaster
irmahurricane
#irmahurricane
#irma2017
#damage
harveystorm
#harveystorm

7883
5458
4298
4180
2586
1932
424
416
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from non-personal user accounts such as weather apps and bots using the tweet source metadata.
Table 3 lists the top sources for tweets, and whether we ﬁltered them or not; (5) tweets that fall outside the time interval from 29 August 2017 to 16 October 2017; (6) tweets that do not contain information on geographic location, or tweets that are located outside the impact area of Hurricane Irma’s
path. After the ﬁltering, the data were reduced to 557,541 tweets that spanned a time period of one
and a half months.
We designed a web-based interface to collect the training data for the binary classiﬁcation of
tweets: whether tweets are related to a hurricane, ﬂooding or an extreme weather event (Figure 2
(b)). We formed a team that consisted of the authors, undergraduate and graduate students for labeling the tweets. We trained our team based on the tasks using examples of both related and unrelated
tweets. We considered any tweet whether it is informative or not, or it is about eye-witness information, or news story or warning, or critiques of the government and political discussions about
the extreme weather events, ﬂooding and the hurricanes as relevant. The web interface displays
the tweet in its original form, and includes ‘Yes’ and ‘No’ buttons to answer the question. We
included a ‘Not Sure’ button to let users skip the tweet if they are not sure about whether the
tweet is relevant or not. The web interface starts with instructions on how to label the tweets with
examples (Figure 2(a)). We speciﬁcally kept the question generic in contrast to being speciﬁc to Hurricane Irma, because the timespan of Irma overlapped with the other hurricanes such as Harvey,
Maria and Jose, and some of the tweets in our dataset were related to those other hurricanes.
This allowed us to generate a generic training dataset that can potentially be used for classiﬁcation
tasks for these multiple events. We collected approximately 20,000 labeled tweets with our team of
human coders and the web-based interface.
4.2. Binary classiﬁcation of tweets
Using our training data, we performed classiﬁcation experiments using Logistic Regression, Support
Vector Machines (SVM), Convolutional Neural Networks (CNNs) and Long Short-Term Memory
(LSTM) Networks. We describe each of these models and parameters in the following subsections.
4.2.1. Baseline classiﬁer
We selected two diﬀerent types of machine learning classiﬁers for comparison: (1) SVM with the
Gaussian kernel to obtain a baseline classiﬁer (2) a model with Principal Component Analysis
(PCA) summarization step pipelined prior to the Gaussian SVM. We used the second model to
Table 3. Filtering with the most common sources from Twitter metadata.
Source
(Empty)
Twitter Web Client
Instagram
TweetMyJOBS
iPad
Foursquare
Tweetbot for iΟS
SafeTweet by TweetMyJOBS
Sandaysoft Cumulus
IFTTT
Twitter Lite
TweetDeck
dlvr.it
Cities
Facebook
Tweetbot for Mac
Hootsuite
Untappd

% of tweets (and number)

Included

79.42% (601,179,529)
6.79% (51,435,265)
4.14% (31,389,138)
2.79% (21,186,456)
1.05% (7,991,578)
0.54% (4,130,888)
0.54% (4,092,581)
0.43% (3,312,923)
0.35% (2,715,771)
0.35% (2,674,435)
0.33% (2,521,005)
0.29% (2,223,845)
0.22% (1,711,766)
0.16% (1,238,873)
0.12% (956,507)
0.11% (895,958)
0.10% (820,211)
0.10% (813,913)

Yes
Yes
No
No
Yes
No
Yes
No
No
No
Yes
Yes
No
No
Yes
Yes
No
No
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Figure 2. (a) Instructions for the labeling task (b) Training data collection interface. ‘No’ and ‘Yes’ buttons to allow the user to label
the presented tweet as ‘Related’ or ‘Unrelated’, or ‘Not Sure’ button is used to skip the tweet.

evaluate the PCA’s eﬀect on the classiﬁcation task. We also evaluated results for several linear classiﬁers including Logistic Regression, Linear SVM and Ridge. These linear classiﬁers are expected to
provide similar results due to the ﬁxed linearity of the problem. The Gaussian SVMs use the radial
basis function (RBF) as the similarity function while Linear SVMs use a linear similarity function.
Thus, their diﬀerence in similarity functions makes them converge on diﬀerent points. We evaluated
alternative parameters and optimization settings for these models to improve the classiﬁcation accuracy, and we report the experiment results for all ﬁve models in the Results section.
4.2.2. Convolutional Neural Networks (CNNs)
Artiﬁcial Neural Networks (ANNs) is a deep learning method that have been widely used for text
classiﬁcation tasks. ANNs allow learning the features of a phenomenon (e.g. words, combinations
of words related to disasters) by progressively learning and evolving relevant characteristics from
the learning material (training set) that they process. ANNs do not require any prior knowledge
about the phenomenon. As a category of ANNs, Convolutional Neural Networks (CNNs) have
been commonly used in text classiﬁcation tasks. By eliminating the full connectivity of nodes in
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regular neural network layers, CNNs speed up the training process while sustaining the ability of
creating non-linear models. Since CNNs were developed with the idea of the input as an image,
CNNs utilize 3D neuron structures that have width, height and depth which commonly represent
the width and height of an image as well as the color channels of the image respectively. While
CNNs are mostly used in tasks that involve images, they are also capable of producing eﬃcient
and eﬀective models in text classiﬁcation (Burel, Saif, and Alani 2017).
Since our classiﬁcation task is binary, we used the sigmoid (Equation (1)) function, that maps output values into [0, 1] set, as the ﬁnal activation of the output layer. The output of the sigmoid function can then be converted into a class of 0 or 1 by using a threshold of 0.5. We used binary crossentropy (Equation (2)) as the loss function in the CNN structure (Figure 1). Binary cross-entropy
function measures the distance of a prediction made by the model from its actual value. The neural
network is then updated in order to minimize this cost.
Sigmoid function, the activation function for neural network architectures

s(x) =

1
.
1 + e−x

(1)

Binary cross-entropy function that is used as the loss function
L(yi , ŷi ) = −

N
1 
[yi log (ŷi ) + (1 − yi ) log (1 − ŷi )].
N i=1

(2)

Figure 3 illustrates the architecture of our proposed CNN model which consists of a convolutional
layer followed by two fully connected layers. Input is embedded before feeding it into the convolutional part. Dropouts and an additional pooling layer are applied to the outputs of some layers in
order to prevent and control over-ﬁtting.
4.2.3. Long Short-Term Memory (LSTM) Networks
Although CNNs may create robust classiﬁers (Burel et al. 2017; Nguyen et al. 2016), they are limited
in memorizing features throughout the training process. Recurrent Neural Networks (RNNs) incorporate a pair of memory vectors that are trained at each step, which are then moved to next nodes or
steps of training. For instance, in a word sequence, correlation of previous words with the intended
output may aﬀect the meaning of and possible inferences that can be made from latter words. This
correlation of former words with the output should be carried on to the next nodes in order to

Figure 3. Convolutional Neural Network Architecture.
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capture the sequential nature of sentences. In a ‘vanilla’ RNN, the information that is being learned
and kept in a feature vector (hidden state) changes irregularly. Due to the vanishing gradient problem, the weight of the neural network receives a vanishingly small proportion of the gradient of
the loss which prohibits the learning process. As a result, the process of learning weights may be
slow or even stop. Thus, a simple and modest RNN is not capable of remembering the features
learned for long times. This mostly impacts the overall accuracy of text classiﬁcation tasks.
A Long Short-Term Memory Neural Network (Hochreiter and Schmidhuber 1997) extends the
lifespan of the short-term memory to inherit more features into the deep neural network model.
LSTMs and their variations are widely used in classiﬁcation tasks that need longer memories,
such as image classiﬁcation (Byeon et al. 2015), text classiﬁcation (Liu, Qiu, and Huang 2016)
and time-series analysis (Xingjian et al. 2015). Figure 4 and the Equations (4)–(9) provide a brief
summary of an LSTM node and mathematical background of an LSTM Node. The LSTM node is
applied to tensors xt and ht−1 in which xt represents the input, and ht−1 represents the hidden
state of the previous LSTM Node in the layer. Sigmoid function is represented by s(.) in Equation
(1), and tanh(x) denotes hyperbolic tangent function (Equation (3)).
Hyperbolic tangent function
tanh (x) =

ex − e−x
.
ex + e−x

(3)

The weight matrices W and U transform input and hidden state vectors and forms it , ft , ot and c̃t
values, namely input gate (Equation (4)), forget gate (Equation (5)), output gate (Equation (6)) and
cell update gate (Equation (7)) respectively. By virtue of these gates, LSTMs provide a forgetting
mechanism to remove the features that are learned in previous nodes but are now obsolete. The °
operator represents an element-wise product, and the output of an LSTM Node is calculated by
using these gates. While keeping the information in cell state (Equation (8)), LSTM nodes remember
the information that will be used immediately in the hidden state (Equation (9)) which is similar to
the hidden layer in RNNs. Finally, the hidden state and cell state are conveyed to the next LSTM
Node, and the hidden state is conveyed to the next layer in the neural network architecture
(Figure 5).
Input gate of an LSTM Node
it = s(W (i) xt + U (i) ht−1 ).

(4)

ft = s(W (f ) xt + U (f ) ht−1 ).

(5)

Forget gate of an LSTM Node

Figure 4. An LSTM Node and its connection formulations.
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Figure 5. An LSTM layer and connections between LSTM nodes.

Output gate of an LSTM Node
ot = s(W (o) xt + U (o) ht−1 ).

(6)

c̃t = tanh (W (c) xt + U (c) ht−1 ).

(7)

ct = ft ◦ ct−1 + it ◦ c̃t−1 .

(8)

ht = ot ◦ tanh (ct ).

(9)

Cell update gate of an LSTM Node

Cell state of an LSTM Node

Hidden state of an LSTM Node

The deep neural network proposed here depends on LSTM networks along with other layers
such as Embedding and Dropout layers (Figure 6). Similar to the proposed CNN model, we

Figure 6. Proposed Long Short-term Memory (LSTM) Architecture.
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employed the sigmoid (Equation (1)) and binary cross-entropy (Equation (2)) functions in
LSTM. We also evaluated the categorical cross-entropy function which did produce a better performance than the binary cross-entropy function. Thus, we do not report the results of the categorical cross-entropy function.
4.2.4. Vectorization of the dataset
We vectorized the tweets to create an array that contains the tweet text, date and time stamp, and the
binary label assigned by human classiﬁers during training dataset collection. An example tweet entry
is illustrated below.
Dx = [Tweet Text, Date and Time, Label],
Dx = ["Major flooding at my backyard. https : //t.co/UJn3s", "Sep 12,2017, 22.13 ET", 1].
To feed the information within the dataset into any kind of probabilistic classiﬁer, the dataset
needs to be represented by vectors. We performed pre-processing to ﬁltering-out noisy tweets
prior to converting the data into vectors. We ﬁrst cleaned any kind of punctuation and URLs
and transformed all characters to lower-case. We then split the text into a sequence of words
in which sequences will be restructured as vectors. At the end of the pre-processing step, we
derived a triple (tweet content, date and time stamp, and the label) of each tweet for the next
step of tokenization.
Dx = [["major", "flooding", "at", "my", "backyard"], "Sep 12, 2017, 22.13 ET", 1].
After the sequencing step, we transformed each tweet to a vector using a tokenization centric
approach, which is based on each word’s number of occurrences in the whole dataset. The more
a word occurs in the dataset, the less it has an eﬀect as a feature in the initialization of the network.
We sorted the words in the dataset by their occurrence, and assigned indices starting from 1 to
replace each word with an index. For instance, the word ‘ﬂood’ has the highest frequency in the
whole dataset, and therefore its index (replacement) is 1. Below is the transformed triple in which
words were replaced by their integer indices.
Dx = [[515, 252, 34, 17, 4200], "Sep 12, 2017, 22.13 ET", 1].
Since each tweet has diﬀerent length, it’s crucial to pad the tweets to construct vectors with the
same length and feed them into the neural network. We empirically tested diﬀerent sizes for the
vectorization process: 25, 30, 35, 40, 45, 50, 55 and 60. Classiﬁcation test accuracy for the vectorized dataset with the length of 50 performed the best among all vector length options on
the proposed LSTM architecture. While one column was used for the tweet post-date, the rest
of the columns were used for the tweet tokens. Therefore, we chose 50 as the optimum number
of vector size (49 word tokens + 1 date column) to derive semantics from a tweet. Following this
assumption, we padded all vectors to generate a vector of zeros with a length of 49 words for each
tweet.
Dx = [[0, . . . 0, 515, 252, 34, 17, 4200], "Sep 12, 2017, 22.13 ET", 1].
We incorporated the tweet post-date in tweet vectors in order to reveal the relationship
between a tweet’s post-date and its relevancy with ﬂooding and extreme weather events. Datetime tagging could be done for diﬀerent temporal granularities such as by minute, hour, day
or week. Although ﬂoods may occur suddenly, their impact, i.e. ﬂood inundation often lasts
days, weeks and in some instances longer time periods. Because our purpose was to capture
the progression of the disaster over an extended period of time that include during and aftermath
of Hurricane Irma, we chose day as the temporal resolution considering the occurrence and duration of the ﬂood event and its impact in the aftermath of the hurricane. As a result, we mapped
the dates between 29 August 2017 and 17 October 2017 on to an integer scale between 1 and 50,
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and we appended the integers into the feature vector. Finally, we derived a vector of length 50 for
each tweet in the dataset, and the ﬁnal vector of the example tweet is shown below:
Dx = [[0, . . . 0, 515, 252, 34, 17, 4200], 15, 1].

4.3. Thematic classiﬁcation of disaster-relevant information
After classifying tweets related to ﬂooding, hurricanes and extreme weather events, we employed an
unsupervised topic modeling approach, Latent Dirichlet Allocation (LDA), to extract detailed information such as aﬀected individuals, donations and support, caution and advice from tweet content.
LDA is a Bayesian probabilistic model of documents that allows discovering a collection of latent
topics deﬁned as a multinomial distribution over words (Blei, Ng, and Jordan 2003). LDA assigns
each document a mixture of topics.
P(Z|W, D) =

WZ+bw
∗DZ+/ .
total tokens in Z + b

For each topic Z, P (Z│W, D), the probability that word W came from topic Z, is calculated by
multiplying the normalized frequency of W in Z with the number of other words in document D
that already belong to Z. Hyper parameters such as β and βw are used to incorporate the probability that word W belongs to topic Z even if it is nowhere else associated with Z (Blei, Ng, and
Jordan 2003). LDA iteratively goes through the collection of documents word by word and reassigns each word to a topic. After each iteration, the model becomes more consistent as topics
with speciﬁc words and documents and reaches an equilibrium that is as consistent as the collection allows (Goldstone and Underwood 2012). The words become more common in topics when
their frequencies are higher, and topics become more common in documents where they occur
more often in documents. We used each tweet as a document to train the topic model. We ﬁrst
tokenized the tweets and converted them into lower case, and used stop words (e.g. commonly
used words such as ‘the’, ‘of’, ‘am’) from 28 languages prior to training the model using the Mallet Toolkit (McCallum 2002). We did not use stemming, because stemming introduces noise to
the results, and does not improve the interpretation of topic models (Schoﬁeld and Mimno
2016).

4.4. Spatially-adaptive kernel smoothing
Once each tweet is classiﬁed into a set of topics, one can calculate the average topical probabilities per unit area. For example, among 1000 disaster-related tweets in Sarasota County in Florida, one can calculate the average probability of a topic such as aﬀected individuals, by simply
dividing the sum of the probabilities of tweets that belong to aﬀected individuals category to
the total number of disaster-related tweets generated within the county. However, such an
approach may suﬀer from the modiﬁable areal unit problem (MAUP) due to the mismatch
between the impact of the disaster and the arbitrarily assigned administrative boundaries. Moreover, rates calculated for diﬀerent geographic areas would have unequal reliability due to diﬀerent population sizes, in our case, the total number of tweets, across the spatial units. This
problem is exacerbated for small areas or in other words areas with low density of observations.
Therefore, rates for areas with small population values become less reliable. To address the problem, spatially-adaptive kernel smoothing (Tiwari and Rushton 2005) can be applied to estimate
a reliable density value of a feature by taking into account the nearby observations. Diﬀerent
from ﬁxed-distance kernel smoothing, adaptive kernel smoothing deﬁnes a threshold for the
denominator of the rate using the k-nearest observations (e.g. tweets or users). Using the number
of users for determining the k-nearest neighbors help remove the user contribution bias, in which
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a few active users produce most of the content. However, in this study, we use number of tweets
to determine the k-nearest neighbors because of two reasons. First, locational information is
critical for the disaster context although it may be produced by only a few number of users.
Second, large portion of tweets share the exact coordinates because the signiﬁcant portion of
tweets is place-tagged.
Deﬁnitions, the equations and steps of the adaptive kernel smoothing are deﬁned below. In Step 1,
the area is divided into a grid of 2.5 km resolution (G), which covers Florida and the nearby aﬀected
areas of Hurricane Irma. There is a substantial amount of place-tagged tweets with the same coarse
coordinates at city or neighborhood level. In Step 2, we aggregate the tweets that share the exact coordinates into distinct tweet locations prior to determining the k-nearest neighbors in order to prevent
the potential bias. Therefore, we obtain a list of distinct tweet locations that include information on
the total tweet count, the list of tweets and their assigned topical probabilities. We deﬁne k as the
minimum number of distinct tweet locations to calculate a reliable estimate of the rate for each category of tweets. In Step 3, we employ a Sort-Tile-Recursive Tree algorithm to compute an index of
the k-nearest distinct tweet locations for each grid cell in order to improve the computational
eﬃciency. Once the neighborhood reaches the deﬁned threshold k, we determine the list of tweets,
Ti, bandwidth h (Gi, k), and the weights of distinct tweet locations for each grid cell in Step 3. K is the
kernel function, and h is the bandwidth for smoothing. Kernel functions determine the weight of
each observation within a kernel, and the choice of function often does not have substantial impact
on the result. The most commonly used kernel functions are Uniform, Epanechnikov, Triangular
and Gaussian. In this study, we employ the Gaussian kernel function to determine the weight of
each tweet within the kernel of each grid cell. Given the list of tweets, the spatial weights and the
probability of topics for each tweet, we compute a weighted average probability of each topic for
each grid cell using the formula deﬁned in Step 4.
Deﬁnitions:
G: The study area deﬁned by the total set of grid cells.
Gi: Grid cell i. Gi ∈ G.
k: Adaptive ﬁlter (neighborhood) threshold based on the total number of tweets.
Ti: The list of tweets within the neighborhood of Gi.
h (Gi, k): The bandwidth of the k-size Neighborhood of the grid cell Gi is deﬁned as the smallest
t KNN
,
k)
that
has
a
total
count
of
distinct
tweet
locations
that
is
greater
than
or
equal
to
k:
(Gi
i ≥ k.
K: Kernel function. Gaussian function is used in this study.
Steps:
(1) Compute G, the grid of the study area given a resolution r. In this study r = 2.5 km is used.
(2) Aggregate tweet statistics such as tweet count and topic probabilities of tweets for each distinct
tweet location.
(3) Construct a Sort-tile-recursive (STR) tree for ﬁnding the smallest k-nearest neighboring distinct
tweet locations of Gi that meets the size constraint, k.
(4) Compute Ti, h (Gi, k) and the weights of observations (tweets) for each grid-cell using the adaptive kernel estimation
fh (Pz (Gi |u)) =

[ Ti 
x − xj 
1 x
pz (ti ),
K
nh j=1
h

where Pz (Gi |u) is the weighted average probability of topic z given all the topical probabilities within
the neighborhood of Gi , n is the total number of points (tweets), h is the bandwidth, x1, x2, … , xn∈ Ti is a set of tweet locations within the neighborhood of Gi , X is the location of estimation, and
pz (tj ) is the probability of topic z in tweet tj .
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4.5. Spatial clustering
In addition to using adaptive kernel smoothing to capture the relative prominence of each category
of tweets across geographic space, we employ density-based spatial clustering with noise
(DBSCAN) to identify areas where there is a high density of tweets for each category. Diﬀerent
from the smoothed surface of probability of each category, DBSCAN allows us to identify the
areas in which the absolute density of tweets is greater than a deﬁned threshold (Ester et al.
1996). DBSCAN requires two parameters: a search radius (Eps) and the minimum number of
points within the search radius (MinPts). Unlike other clustering methods such as K-Means or
K-Medoids, DBSCAN does not require the number of clusters as an input, and can capture clusters
with arbitrary shapes. While a larger search radius (Eps) results in larger areas of spatial clusters, a
smaller search radius results in smaller areas of interest. On the other hand, a larger MinPts results
in more reliable detection of clusters, whereas a smaller MinPts results in many more clusters with
increased noise and outlier points that are not assigned to any clusters. Finally, we calculate the
smallest convex polygon that encloses each of the spatial clusters in order to identify areas in
which high counts of tweets that belong to an information category (e.g. aﬀected individuals) is
spatially clustered. Ultimately, this allows us to identify areas where tweets from a particular information category are spatially clustered.

5. Results and evaluation
5.1. Experiments on binary classiﬁcation
Using the vectorized version of the manually labeled dataset, we trained a series of binary classiﬁers.
We included both related and unrelated data manually classiﬁed by human coders in our training set
in order to increase the accuracy of models for predicting unrelated tweets. The dataset before any
sampling consisted of 20,413 total tweets in which 7801 of them were manually classiﬁed as related
and 12,612 of them were classiﬁed as unrelated.
We sub-sampled the labeled dataset to feed the model with the same amount of sequences for
the binary classiﬁcation, which consisted of 7801 related and 7801 unrelated tweets. Subsampled data were then split into the training and test sets in which the training set consisted
80% and the test set was 20%. After that, 12,481 training sequences and 3121 test sequences
were used. Using the training set, we trained each disjoint model that include Logistic
regression, SVM, CNN and LSTM models described in the methodology section with various
parameter settings independently using the training set. Using the test set, we carried out a validation task for each model run. We optimized the model parameters to prevent overﬁtting and
provide the best validation accuracy.
Table 4 illustrates the evaluation results of the models, which reveals that the LSTM networks and
CNN-based models were signiﬁcantly better than other conventional machine learning algorithms.
Accuracy is measured as the fraction of true positive and true negatives over all of the classiﬁed
tweets. While precision is the fraction of relevant tweets among all relevant tweets (i.e. true positives/(true positives + false positives)), recall is the fraction of relevant tweets over the total amount
of tweets (true positives/(true positives + false negatives)). Finally, F1 score considers both the

Table 4. Accuracy, precision, recall and F1 scores for proposed classiﬁer models.

Accuracy
Precision
Recall
F1 Score

LSTM
0.7478
0.7541
0.7488
0.7514

CNN
0.7391
0.7602
0.7123
0.7355

CNN Kim
(2014)
0.7250
0.6999
0.7826
0.7389

Logistic
Regression
0.5434
0.5516
0.5512
0.5514

Gaussian
SVM
0.4985
0.7608
0.0220
0.0428

Linear
SVM
0.4982
0.5097
0.3782
0.4342

Gaussian SVM &
PCA
0.4915
0.6250
0.0031
0.0062

Ridge
0.5456
0.5473
0.6224
0.5824
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precision and recall given the formula:
F1 score = 2∗

precision∗recall
.
precision + recall

Overall, linear models produced better performance (F1 score) than the Gaussian RBF-based
models. Although its diﬀerence from a random classiﬁer is insigniﬁcant, Linear SVM produced
an F1 Score of 0.4342, Gaussian SVMs produced high precision and low recall scores, which indicates
a large number of false negative predictions. This inclination is reﬂected on the F1 Scores, as well. The
Gaussian models can be chosen over the non-Gaussian SVM if high precision and low recall values
are desired. By having an accuracy of approximately 55%, non-SVM Linear models revealed slightly
better performance than a random classiﬁer, however, these models were outperformed by the deep
neural network classiﬁers.
We employed a variety of architectures utilizing both LSTM and CNN-based approaches in terms
of the number of nodes and layers trained. We systematically evaluated the number of nodes in the
input layer, which resulted in changes in padding values of the vectorization process for the training
and test data. Additionally, we incorporated auxiliary neural network layers, such as pooling, dropout et cetera layers, into the proposed architectures in order to further optimize the model. In the
training of the models that involved CNNs and LSTM networks, we obtained the best accuracy
scores within the ﬁrst few epochs by using the same batch size of 128 for both networks. To decrease
the computation time, we accelerated the training processes of detailed neural networks by utilizing
NVidia Tesla K80 GPUs. In addition to the models presented in the methodology section, we also
report the results for the CNN model proposed by Kim (2014) that is trained on our training
data and tested on our test set for further evaluation.
While both neural network architectures we proposed and the one we adopted from Kim (2014)
performed similar, our LSTM-based network produced slightly a better performance than any of the
CNN-based architectures in terms of both accuracy and F1 score. This uplift of the performance can
be related to LSTMs’ ability in conveying previous information to the next nodes of the network.
Although LSTMs take more time to train, time elapsed while predicting the class of a tweet did
not change signiﬁcantly. We should note that since our CNN model provided a better precision
score of 0.7602 in return of lower recall score, one can choose the CNN over the LSTM network
if the correctness of positive predictions has crucial importance. Similarly, the CNN architecture proposed by Kim (2014) resulted in a better recall score of 0.7826. Therefore, if the rate of actual positives is more important, model selection can be made in favor of this CNN model. We continued the
rest of our analysis based on the outcome prediction of the LSTM model. We made this choice based
on the overall performance of the model as well as the model’s ability to consider the sequential
nature of text constructs. The LSTM based classiﬁer predicted 378,474 related tweets (positives)
and 179,050 unrelated tweets (negatives). We used this predicted set for thematic classiﬁcation,
and identifying temporal, spatio-temporal patterns of the thematic categories of disaster-related
tweets.

5.2. Experiments and results of topic modeling
In this section, we present the experiments for selecting and interpreting the topic model parameters and results. In order to determine the optimum number of topics, we performed LDA
using diﬀerent number of topics such as 10, 20, 30, 40 and 50 topics with 2000 iterations. We evaluated the model outcomes to minimize the overlap of topics within each model, and the number of
unique topics between topic models with the consecutive number of topics. In general, a topic
model with a fewer number of topics generates combined topics, whereas a model with a larger
number of topics results in less overlapping content (Newman et al. 2010). We used cosine
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similarity to measure the similarity of the models with diﬀerent number of topics, and employed
the following criteria to determine unique topics between two model outputs (Koylu 2018a): (1)
The topic must have a probability threshold above 50% in order to eliminate noisy topics that
only exist in a small number of documents. (2) The topic in the model with a larger number of
topics should have a cosine similarity less than 20% with any of the topics of the model with a
smaller number of k topics. Following these criteria, we compared the topic models with consecutive numbers such as 50–40, 40–30, 30–20 and 20–10 topics. The systematic evaluation of cosine
similarity values both within and between models did not yield a clear result to justify the number
of topics chosen for the model. However, the topic model with 30 topics produced much less
within overlap than the 20-topic model, and this rate was smaller than the comparison of the
30-topic model to the 40-topic model. We manually observed the topics and individual tweets
that were predominantly classiﬁed by each topic to determine the optimum number of topics.
This evaluation also led us to the same number of topics, 30, as the optimum number that helped
us determine the number of topics with minimal overlapping.
In order to diagnose the results of the topic model, we computed the measures of probability
(P), document entropy (E) and corpus distance (CD) (Koylu 2018b). The probability of a topic
represents how common a topic is across all tweets and is calculated by dividing the number of
word tokens assigned to the topic by the sum of the token counts for all topics. If a topic has
small probability, it means it exists only on a small number of tweets, and oftentimes there
are not enough observations to examine the topic’s word distribution. On the other hand, if a
topic has large probability, the topic is extremely frequent across many tweets. Topics with
large probability of occurrence across documents are often considered as a collection of corpus
speciﬁc stop-words. Besides the low and high probability topics, more interesting topics reside
within the non-extreme values. We approximately set this range to be between 0.005 and 0.5.
In addition to topic probability, document entropy represents the distribution characteristics
of a topic across documents. For example, if entropy is high the topic is distributed evenly
over documents (tweets), whereas if entropy is low the topic is concentrated on a smaller number
of tweets. Finally, we use corpus distance which is calculated by Kullback–Leibler divergence.
Corpus distance represents how far a topic is from the overall distribution of words in the corpus. A greater corpus distance means that the topic is more distinct as compared to the overall
distribution of words, whereas a smaller distance means that the topic is more similar to the corpus distribution.
Table 5 illustrates the top 10 coherent topics, and the 2 outlier topics at the end of the table. The
table includes both the words and metrics of each topic, and the words are ranked by their probability of occurrence from the highest to the lowest. One can infer the latent topic using the combination of the words that commonly co-occur. The ﬁrst and the foremost important topic
represents tweets about aﬀected individuals and infrastructure that include personal updates, injuries, deaths, missing, found, or displaced people; and buildings, roads, utilities/services that are
damaged, interrupted, restored or operational. The second topic represents the caution, warning
and advice category, which includes guidance, tips, warnings issued or lifted, forecasting, and alerts
about emergency response situations. The third topic represents donations and support which
include needs, requests, or eﬀorts for help, oﬀers of money blood, shelter, supplies, and/or services
by volunteers or professionals. The fourth topic represents the sympathy and emotional support
category which includes thoughts, prayers, gratitude and sadness. The rest of the topics illustrates
news, oﬃcial reports, government response, critiques, and political discussions, missing pets, disrupted services, and self-reporting of hurricane preparedness of individuals. The last two topics,
Topic 11 and Topic 12, in Table 5 are outlier topics. The eleventh topic is the topic with the highest
probability that includes live-tweeting about the hurricane. These tweets are often not informative,
and do not contain information about eye-witness accounts, or site-speciﬁc situations. The last
topic in this table represents Spanish tweets about the hurricane.
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Table 5. Twelve latent topics with words and diagnostics measures.
Topic

Words

Aﬀected individuals and
infrastructure damage

hurricane, power, damage, storm, rain, house, wind, trees, water,
winds, tree, ﬂood, lost, lot, safe, update, ﬂooding, Florida, hope,
area
Caution, advice and warnings
Storm, rain, ﬂood, surge, warning, tropical, hurricane, winds, wind,
heavy, ﬂooding, ﬂash, Florida, area, watch, country, south, issued,
tornado, water
Donations and volunteers
hurricane, relief, victims, donate, ﬂood, Houston, money fund,
disaster, support, Texas, eﬀorts, donated, donations, beneﬁt, hand,
helping, Red, Cross, donating
Sympathy and emotional support hurricane, safe, Florida, stay, storm, hope, prayers, family praying,
path, friends, thoughts, coming, hoping, safety, irmahurricane,
damage, south, heart
News and oﬃcial reports
hurricane, Florida, shoot, police, looters, Miami, guns, Richard, island,
Branson, storm, news, video, looting, caught, warn, sign, private,
foot, rescue
Government response, critiques
hurricane, relief, disaster, victims, aid, Trump, tax, FEMA, Florida,
and political discussions
Texas, house, recovery, voted, emergency, eﬀorts, response,
funding, money, ﬂood, cuts
Government response, critiques
hurricane, disaster, natural, damage, Trump, storm, ﬂood, victims,
and political discussions
disasters, lives, relief, country, Texas, North, Korea, America,
Houston, worst, season, president
Aﬀected individuals and missing
hurricane, ﬂood, victims, pets, animals, dogs, left, dog, rescue,
pets
Houston, abandoned, cats, Texas, key, owners, storm, west, Florida,
family, shelter
Disrupted service and tips for
hurricane, power, storm, service, phone, internet, free, Florida, app,
recovery
wiﬁ, data, lost, work, cell, watch, lose, emergency, week, working,
wait
Preparedness
hurricane, water, food, snacks, eat, gas, easting, supplies, prep, ready,
storm, house, buy, power, coming, store, party, beer, open, bought
Chatting about the hurricane
hurricane, coming, Florida, y’all, storm, house, season, hope, scared,
leave, category, party, bout, mom, jose, hits, making, work, Miami,
cat
Spanish tweets
huracan, Florida, Cuba, paso, vea, Miami, categoria, caribe, video,
vivo, fotos, llegada, isla, minute, mertos, danos, mar, imagenes,
vientos, cayos
Notes: P: Probability, E: Entropy, CD: Corpus Distance.

P

E

CD

0.021

10.11

1.33

0.015

9.72

1.68

0.019

10.04

1.73

0.030

10.45

1.30

0.050

8.76

2.40

0.011

9.46

1.85

0.021

10.12

1.31

0.009

9.25

2.07

0.010

9.40

1.80

0.019

10.01

1.60

0.065

11.23

0.94

0.008

9.29

2.99

5.3. Temporal, spatial and spatio-temporal patterns
Figure 7 illustrates the temporal probability distribution of the 10 coherent topics shown in Table
5. The probability of donations and support, and sympathy and prayers categories increased prior
to the disaster, decreased during the disaster, and increased after Hurricane Irma dissipated. As an
exception, both of these two categories were high on September 3, which coincided with the
immediate aftermath of Hurricane Harvey that hit Texas and the surrounding areas prior to Hurricane Irma. Similarly, sympathy and prayers increased prior to the disaster, decreased during the
disaster, and started to increase after Hurricane Irma dissipated. Advice, warning and alerts also
had a similar increasing trend before the disaster, and in the aftermath of the disaster’s impact
in Florida. Government critiques also had an increasing trend after the hurricane dissipated.
Another notably interesting pattern is that tweets about aﬀected individuals started to increase
right after September 6 when Irma reached its peak with wind speed and made the ﬁrst landfall
in Florida on September 10. We provide a random sample of original tweet content with their
assigned topics for aﬀected individuals and infrastructure category in Table 6, and for all other categories in Table 7 in the Appendix section.
In this article, we only report the semantic, spatial and spatio-temporal characteristics of aﬀected
individuals and damaged infrastructure category, which we will refer to this category as aﬀected individuals in the rest of the article. In order to calculate the smoothed ratio of aﬀected individual tweets,
we used k = 10 as the minimum number of distinct tweet locations. In addition to the smoothed rate
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Figure 7. Temporal distribution of top 10 coherent categories of disaster-related tweets.

that illustrates the prominence of each category relative to all categories, we also extracted areas
where there is a high density of tweets that belong to each category using the DBSCAN algorithm.
We experimented with a range of Eps values: 10, 20, 30, 40, and 50 km; and a range of MinPts such as
5, 10, 15 and 20 distinct tweet locations. Higher Eps and lower MinPts values resulted in clusters that
are quite large, while lower Eps and higher MinPts values resulted in many clusters, and outlier tweet
locations that were not classiﬁed part of the cluster. Values of 30 km for Eps and 10 distinct tweet
locations for MinPts produced 32 clusters which were consistent with the impacted areas of the hurricane. Also, this combination minimized the number of outliers in the clustering process. Figure 8
illustrates the ratio of aﬀected individual tweets to tweets from all categories (i.e. the results of Section
4.4), the areas where there is a high density of tweets for aﬀected individual tweets (i.e. the results of
Section 4.5) as well as the temporal histogram of frequency for this category. There were a total of
14,724 tweets that had at least 50% probability for belonging to the aﬀected individuals and infrastructure category. Because of the high presence of place-tagged tweets, the number of distinct
tweet locations was 7709, which corresponds to approximately 2% of all tweets in the study area.
Among these tweets, 501 tweets were place-tagged at the state level (Florida), therefore, these tweets
were excluded prior to computing the smoothed rate.
In Figure 8, the temporal frequency of tweets about aﬀected individuals was higher between September 5 and September 13, when the storm made the landfall, and areas in Florida were inundated. The smoothed rate surface illustrates the relative prominence of aﬀected individual and
infrastructure tweets, while the convex hulls of tweet clusters helps distinguish the areas where
there are higher count of tweets from the selected category. This ﬁgure conﬁrms some of the highly
damaged areas and areas with disrupted services such as the urban areas of Tallahassee, Jacksonville, Orlando and Tampa, Florida Keys, and the coastal areas in the east such as Palm Bay and
Rockledge.
In order to better assess the potential damage and aﬀected individuals, we overlayed the tweets
and potential impact areas with ﬂood zone (Figure 9(a)) and rainfall data (Figure 9(b)). The total
rainfall is spatially correlated with clusters of aﬀected individual tweets in some impact areas such
as the north-east of Cape Coral, the impact zones around Jacksonville, Orland and Port St. Lucie,
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Table 6. Sample of tweets for each category of information.
C
Aﬀected individuals and
preparedness

EST 2017
Tue Sep 05 19:21
Wed Sep 06 10:35
Wed Sep 06 11:18
Wed Sep 06 21:18
Thu Sep 07 20:00
Sat Sep 09 18:56
Sat Sep 09 20:28
Sun Sep 10 14:50
Sun Sep 10 19:33
Mon Sep 25 21:33

Aﬀected individuals and
infrastructure

Thu Sep 07 12:40
Sun Sep 10 10:45
Mon Sep 11 15:56
Mon Sep 11 17:51
Tue Sep 12 11:56
Tue Sep 12 12:23
Wed Sep 13 21:32
Fri Sep 15 15:35
Fri Sep 15 17:27
Mon Oct 09 17:36

Tweet

P

Everybody stocking up for the hurricane
Prepping for Hurricane Irma but I’m never too busy to get down on some
delicious.
It’s hard to prepare for a storm when there are no supplies to buy and no
gas to leave I’m all good but friends not so much!!
Im gonna eat all the hurricane food before the actual hurricane
Super disappointed to see my local gas station in Clermont; Florida selling
water for $22 per case during hurricane prep.
I’d try to be a bit more helpful; but still in the middle of hurricane prep atm
Just spent over $40 on gas; thanks Irma
Well I Just Ate My Last Bag Of Hot Cheetos And Them Was My Hurricane
Snacks
I know for a fact everyone is bored out of their mind and has eaten a good
50% of their hurricane food
Why are people so dumb. Why does nobody keep a 3 month emergency
kit? 3 months food and emergency supplies; put it in a big bin. Done.
I just realized I might not have power for the comeback because of
Hurricane Irma!!
Hunkered down in a block house w/hurricane shutters. 4 people; 2 dogs; 2
cats; and 4 ﬁsh. Come at us
I ain’t think irma hit this bad but there’s trees in the streets and all
Hurricane Irma left a mark on my yard in Grayson …
Savannah may have some cleaning up to do. Lots of folks in S. Georgia are
out of power due to Irma
Too bad Irma took my power
People driving ruthlessly during Irma power outage. Crossing over double
line; not looking before turning; speeding in parking lots.
I’m very sorry we are still recuperating from hurricane Irma and we still
have no power. Very sorry that we will not be opened this weekend.
From inside the gazebo! Hurricane Irma took out the garden … we need
chainsaws and bucket trucks!!!
I live in FL I lost power in Irma don’t recall relying on fed’s to get our power.
PR needs to do something

0.83
0.68
0.60
0.92
0.97
0.31
0.83
0.94
0.92
0.83
0.19
0.48
0.83
0.92
0.94
0.42
0.96
0.74
0.62
0.48

Notes: C (Category), P (Probability).

while spatial clusters of aﬀected individual tweets do not correlate with rainfall in most other areas
(Figure 9(b)). This could potentially be explained by the damage from other weather events such as
high winds and tornadoes. In Figure 9(a), we illustrate the area of East Central Florida, in which ﬁve
tornadoes caused signiﬁcant damage during the hurricane.
In order to reveal the temporal progression of the aﬀected individual tweets, we interpolated the
date and time of tweets using inverse-distance weighting (IDW) interpolation (Figure 10). Three
color hues are used to illustrate the temporal progression of aﬀected individual tweets for the
study area before (blue), during (orange) and after (green) Irma. An interesting ﬁnding of this
map is that there are a large number of areas with large variation (small patches of diﬀerent color
hues) in terms of the time of tweets, as people continued to tweet before, during and after the hurricane. On the other hand, green areas illustrate highly impacted zones which required greater intensity of response and recovery eﬀorts in the aftermath of the hurricane. People in these areas did not
tweet as much before or during the storm, which could be attributed to the potential loss of power
and phone services.

6. Discussion and conclusion
Knowing what information is available through social media helps emergency responders, humanitarian organizations, governments and utility companies prepare and respond to disasters by
eﬀective allocation of their limited resources. Identifying disaster-related social media posts
have recently been the focus of many studies that aim to understand the extent and magnitude
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Figure 8. Spatial and temporal distribution of tweets about aﬀected individuals and infrastructure.

Figure 9. Overlaying of tweets with total rain in inches and ﬂood zones between September 5 and September 12.
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Figure 10. Temporal progression of aﬀected individuals and infrastructure tweets by area. On average, Blue areas tweeted before,
orange areas tweeted during, and green areas tweeted after Hurricane Irma.

of damage, and improve the ways we identify aﬀected individuals, develop situational awareness
and coordinate recovery eﬀorts. Our study contributes to these studies by introducing a methodology that integrates deep learning, natural language processing and spatio-temporal analysis
to identify content, whereabouts and temporal context of disaster-related social media posts.
In order to deﬁne our speciﬁc contributions to the studies that focus on the classiﬁcation of crisisrelated information from social media data, here we compare and contrast our methodology and
results with the previous work done by Burel, Saif, and Alani (2017), Nguyen et al. (2016), Olteanu,
Vieweg, and Castillo (2015) and others. First, unlike the previous work which focuses on identifying
events and targeting immediate response to disasters, our overall objective is rather holistic to capture any useful information that may be related to the progression of a hurricane including the preparedness, response and recovery stages. Using a two-step classiﬁcation approach, we identiﬁed
relevant tweets to a hurricane with speciﬁc categories of information which have diﬀerent target
audience such as emergency responders, rescue missions and utility companies, animal control
and shelters; government organizations and non-proﬁt institutions that organize recovery and relief
eﬀorts; and local governments and FEMA for building and enhancing situational awareness. Second,
we collapsed the three categories: related and informative, related but not informative, and not
related introduced by Olteanu, Vieweg, and Castillo (2015) into a binary category of related and
not related. We used the binary classiﬁcation for two reasons. Human classiﬁers have shown signiﬁcant variation in the labeling task especially when the task is complex and ambiguous (Nguyen et al.
2016). Moreover, we argue that labeling tweets as informative and not informative by simply evaluating the text of the tweet may often be inadequate without examining the content, time and
location of tweets.
Burel et al. (2017) employed a three-tiered classiﬁcation system for extracting (1) Crisis vs noncrisis (2) Type of crisis (ﬂood, ﬁre, etc.) (3) Type of information (aﬀected individuals, donations,
etc.). There are many diﬀerences between our study and Burel and colleagues. Data used by Burel
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and colleagues consist of 28,000 tweets. In our study, our training data consist of approximately
20,000 labeled data, and we classiﬁed 557,524 tweets using our training set and the classiﬁcation
methods. We chose the LSTM model for the binary classiﬁcation task because (1) LSTMs are conceptually a better ﬁt for the text classiﬁcation task, since LSTMs consider the ordering of words and
the whole text structure by using long-term semantic word and feature dependencies. (2) While both
neural network architectures performed similarly, LSTMs produced slightly a better performance
than CNN-based architecture in terms of both accuracy and F1 score. While Burel achieves high performance (F1 scores) for detecting crisis and non-crisis situations and event types, the performance
of their model for identifying ﬁne-grained event information such as aﬀected individuals, damaged
infrastructure is low (60%). Also, their classiﬁcation model cannot handle multiple labels where a
tweet can belong to two categories such as aﬀected individual and advice and caution. Similarly,
Nguyen and colleagues reported lower classiﬁcation performance for information types, and they
attributed the lower performance to the conﬂicting annotation done by online workers and volunteers. In contrast to these studies, we employed LDA as an unsupervised approach to extract the ﬁnegrained details of information about the crisis situation, which also allowed us to classify each tweet
with multiple labels such as aﬀected individual and caution and advice.
Another unique aspect of our study is that we obtained information before, during and aftermath
of the disaster as compared to retrospective studies which often lack the data during the ﬁrst few
hours of the event. Since the hazard type is a hurricane we were able to start collecting the data
using a set of keywords related to the forecasted hurricane as well as geo-located tweets using the
study area. We continued to collect the data a month after Hurricane Irma was formed, and we continuously updated the keywords based on the most common hashtags used throughout the hurricane. For future studies, we would like to compare the impact of the hurricanes Harvey, Irma and
Maria.
The methodology introduced in this article has great potential to be used during a disaster for
real-time identiﬁcation of damage and emergency information, and making informed decisions
by assessing the situation in impacted areas. Due to the limited space, we did not provide an indepth analysis of the site-speciﬁc information we gained through analysis, however, we plan to conduct future work to evaluate damage, extract site and individual-speciﬁc information from various
categories of disaster-relevant tweets.
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